Deep sequencing of ribosome footprints (ribosome profiling) maps and quantifies mRNA translation. Because ribosomes decode mRNA every 3 nt, the periodic property of ribosome footprints could be used to identify novel translated ORFs. However, due to the limited resolution of existing methods, the 3-nt periodicity is observed mostly in a global analysis, but not in individual transcripts. Here, we report a protocol applied to Arabidopsis that maps over 90% of the footprints to the main reading frame and thus offers super-resolution profiles for individual transcripts to precisely define translated regions. The resulting data not only support many annotated and predicted noncanonical translation events but also uncover small ORFs in annotated noncoding RNAs and pseudogenes. A substantial number of these unannotated ORFs are evolutionarily conserved, and some produce stable proteins. Thus, our study provides a valuable resource for plant genomics and an efficient optimization strategy for ribosome profiling in other organisms.
Deep sequencing of ribosome footprints (ribosome profiling) maps and quantifies mRNA translation. Because ribosomes decode mRNA every 3 nt, the periodic property of ribosome footprints could be used to identify novel translated ORFs. However, due to the limited resolution of existing methods, the 3-nt periodicity is observed mostly in a global analysis, but not in individual transcripts. Here, we report a protocol applied to Arabidopsis that maps over 90% of the footprints to the main reading frame and thus offers super-resolution profiles for individual transcripts to precisely define translated regions. The resulting data not only support many annotated and predicted noncanonical translation events but also uncover small ORFs in annotated noncoding RNAs and pseudogenes. A substantial number of these unannotated ORFs are evolutionarily conserved, and some produce stable proteins. Thus, our study provides a valuable resource for plant genomics and an efficient optimization strategy for ribosome profiling in other organisms.
translation | ribosome footprint | Ribo-seq | ncRNA | sORF I dentifying translated open reading frames (ORFs) is important to understanding the activity of organisms under specific conditions. Until recently, genome-wide mapping of translation has relied primarily on polysome profiling (1). This involves isolation and separation of polysome-associated mRNA through differential centrifugation and fractionation. Actively translated transcripts in the polysome fraction can be identified and quantified using microarrays or RNA sequencing (RNA-seq). However, quantification of these transcripts may not accurately estimate translation levels as the number of ribosomes bound to RNA can vary greatly. In addition, although polysome profiling reveals the identity of translated transcripts, it does not report the translated region of the transcript. These limitations have been overcome by ribosome profiling (2).
Ribosome profiling combines ribosome footprints with deep sequencing (2, 3). After isolating polysomes, the sample is treated with ribonuclease to digest unprotected parts of the RNA. The resulting ribosome-protected RNA fragments (or ribosome footprints) are used to generate a sequencing library (Ribo-seq) (Fig.  1A) . Sequencing the ribosome footprints reveals the positions and number of ribosomes on a given transcript. When combined with RNA-seq generated from the same starting material, one can accurately determine the average number of ribosomes per mRNA and thus estimate the relative translation levels of a transcript (2). Furthermore, localization of the exact positions of ribosome footprints in the transcriptome provides the opportunity to experimentally identify translated ORFs genome-wide under a specific environment (4-8).
The challenge, however, is to identify real translation events. For example, ribosomes can stall on a specific region of the transcript without translation occurring (9, 10) . Also, contaminant RNAs that are highly structured or embedded in ribonucleoprotein complexes [e.g., rRNA, tRNA, and small nucleolar RNA (snoRNA)] are also present in Ribo-seq reads as they resist RNase digestion (7, 11, 12) . Therefore, additional features are required to distinguish translation from mere ribosome occupancy and contaminants. Several metrics associated with translation have been exploited (11) , for example, the following: (i) ribosomes release after encountering a stop codon (9) , (ii) local enrichment of footprints within the predicted ORF (4, 13), (iii) ribosome footprint length distribution (7) , and (iv) 3-nt periodicity displayed by translating ribosomes (2, 6, 10, 14, 15) . Among these features, some work well in distinguishing groups of coding vs. noncoding RNAs, but are insufficient to identify individual transcripts as coding or to define translated regions on a transcript (11, 16) . In contrast, 3-nt periodicity is a unique property that allows one to directly define translated regions. It is not observed in RNA-seq data (2, 17). Furthermore, computational pipelines have been developed to identify translated ORFs by interrogating 3-nt periodicity specifically, including "ORF score" (a summary statistic that tests if one particular reading frame is enriched in Ribo-seq by comparing to a uniform distribution) (6) and "RiboTaper" (a spectrum analysis that determines whether footprints on a transcript display 3-nt periodicity) (15) . There are additional pipelines that include 3-nt periodicity as part of the analysis (18, 19) . The 3-nt periodicity of Ribo-seq has been leveraged to identify novel small ORFs in zebrafish embryos and mouse/human cells (6, 15, 18, 19) .
The remaining difficulty is to obtain high-precision ribosome footprints of individual transcripts in the organism of interest.
Significance
Translation is the process by which ribosomes decode information in RNA to produce proteins. The resulting proteins constitute cellular structures and regulate diverse functions in all organisms. Translation also affects mRNA stability. As the final step of the central dogma, translation can alter protein production more rapidly than transcription in a changing environment. However, a robust experimental method to define the landscape of the translatome has not been established in many organisms. We developed an advanced experimental approach and used it to discover proteins missed in the annotation of the Arabidopsis genome. This study confirmed computationally predicted noncanonical translation events and uncovered unannotated small proteins that likely have important functions in plants.
Ribosome footprints can show a strong 3-nt periodicity in a global analysis, but signals in individual transcripts are often too noisy to assess periodicity (2, 13). When footprints are out of frame, noise increases and resolution decreases. Thus, to a first approximation, the resolution of Ribo-seq data can be quantified by the fraction of reads in the major reading frame. Studies in several organisms, including Chlamydomonas, yeast, zebrafish, and rat, have achieved remarkable resolution with over 80% of the reads mapped to one reading frame (6, 10, 20, 21) . In contrast, some organisms such as Escherichia coli, Drosophila, and plants have very limited resolution to date (22) (23) (24) (25) (26) (27) (28) . Here, we report optimization of a ribosome profiling protocol and its use in Arabidopsis. The resulting data provide super-resolution for ribosome footprints, which enables efficient identification of translated ORFs based on the 3-nt periodicity. Our data not only support many annotated and predicted noncanonical translation events but also uncover evolutionarily conserved novel small ORFs that likely encode functionally important proteins.
Results
Buffer Optimization Greatly Improves Footprint Precision. The resolution of Ribo-seq data can be judged by the 3-nt periodicity that emerges from the analysis. A survey of the literature revealed that published Arabidopsis ribosome-profiling methods do not generate optimal 3-nt periodicity (25) (26) (27) . These protocols use extraction buffers with relatively high ionic strength and buffering capacity, originally designed for polysome isolation (Table S1 ). Unlike polysome isolation, which emphasizes mRNA integrity, precise ribosome footprints require complete digestion of the unprotected mRNA. We reasoned that the high ionic strength and buffering capacity in the polysome buffer might inhibit the RNase used in ribosome footprinting. To test this hypothesis, we extracted polysomes from Arabidopsis using four buffers with varying ionic strength and buffering capacity and examined the resulting polysome profiles to evaluate endogenous RNase activity ( Fig. S1 A  and B) . We observed similar polysome profiles among samples extracted from the first three buffers (buffers A, B, and C) and a slight increase of monosome-to-polysome ratio when ionic strength decreased in buffers B and C. On the other hand, a clear increase of monosome to polysome ratio was found with buffer D, indicating that the endogenous RNase was most active in this buffer. After adding RNase to polysome extracts to obtain ribosome footprints, we constructed and sequenced eight libraries made from root and shoot samples prepared with the four different buffers. We found that the size distribution of ribosome footprints from buffer A was clearly different and slightly longer than those prepared from the other three buffers (Fig. S1C) . By quantifying reading frame preference in the most abundant footprints (28 nt long), we observed increased reading frame enrichment as ionic strength/buffering capacity decreased in the four buffers (Fig. S1D) . This is consistent with previous reports that ionic strength affects ribosome footprint size and enrichment of footprints in the primary reading frame (3, 5). Thus, buffer composition strongly affects footprint precision. However, the same tissues prepared with the four buffers yielded highly correlated footprint counts on individual coding sequences (CDSs) (r = 0.98-1; Fig. S1E ), suggesting that the changes in buffer composition did not affect measurement of ribosome occupancy on mRNAs. Because buffer D yielded the best 3-nt periodicity, we used this buffer for our subsequent experiments.
Optimized Ribosome Profiling Compares Favorably to Published
Datasets. We performed ribosome profiling on three biological replicates of root and shoot tissues from Arabidopsis seedlings. A strong 3-nt periodicity (Fig. 1C) and an excellent correlation across replicates (r = 0.99-1, Fig. S2 ) suggested our protocol was robust. Our method also used fewer starting materials, simpler procedures, and had a shorter preparation time compared with published methods in Arabidopsis (Table S1) .
To obtain high coverage, we pooled the three replicates of the same tissue for analysis. Fig. S4A . The inferred footprint positions related to the initiating and terminating ribosomes are shown. The A site (the entry point for the aminoacyl-tRNA), P site (where peptide-bond formation occurs), and E site (the exit site of the uncharged tRNA) within ribosomes are shown. A region of 63 nt near the start and stop codon is shown. The position of a ribosome footprint is indicated by its 13th nucleotide within each footprint. Three reading frames are shown in red (the main frame according to the annotated start codon), blue, and green. Most of the footprints are mapped within the CDS and show enrichment for the main reading frame. Footprints at the translation initiation and termination revealed that the ribosomal P site is located between the 13th and 15th nucleotides, whereas the A site is located between 16th and 18th nucleotides.
footprint size distribution ( Fig. 2A ), yet still covers expected genomic features of the transcriptome with 96-98% of the footprints mapped to CDSs, and very few footprints mapped to UTRs, introns, or intergenic regions (Fig. S3) . As it has been observed that not all footprint sizes display similar 3-nt periodicity (6, 13, 15) , we examined the periodicity of footprints with different lengths (Fig. S4 A-E for individual datasets; Fig. S5 (Fig. S5) . In comparisons of 28-nt footprints, our data contained a superior enrichment of footprints in one reading frame, with 96% and 92% of reads in the main reading frame in root and shoot, respectively (Fig. 2B) .
A ribosome footprint meta-gene analysis, which combines all footprints that map to annotated protein-coding genes (Fig. S4 A-E), allows us to infer the corresponding P site (where peptidebond formation occurs in the ribosomes) within the footprints (2, 13, 15) . We assigned the location of footprints according to the first nucleotide within the footprint. By examining footprints near the start codon ("A" in AUG is defined as 0) for 28-nt footprints, it is apparent that footprints cover up to the 12th nucleotide upstream of the AUG (Fig. S4A ). This indicates that the codon being translated at the P site (in this case, AUG) is located between the 13th and 15th nucleotide within a 28-nt footprint (Fig. 1C) . Consistent with the start codon position, at translation termination where the A site encounters a stop codon, we observed the last in-frame footprints cover the 15th nucleotide upstream of the stop codon (Fig.  S4A ). This indicates that the A site is located between the 16th and 18th nucleotide within a 28-nt footprint, which is 3 nt downstream of the P-site position inferred above (Fig. 1C ). Despite some differences in different datasets, the start codon located between the 13th and 15th nucleotide for 28-nt footprints is also observed in the datasets of Liu et al. and Merchante et al. (Fig. S4 D and  E) . Furthermore, in our data, we observed that footprints are preferentially digested at the 5′ end when the footprint size is below 28 nt. For example, compared with the 28-nt footprints, which have strong signals up to the upstream 12th nucleotide, the 27-nt footprints have clear signals up to the upstream 11th nucleotide, and 26-nt footprints have signals up to the 10th nucleotide and so on (Fig. S4 A and B: metaplots; Fig. S4F : schematic summary). Because many of the footprints in our data display a robust 3-nt periodicity (Figs. S4 A and B and S5) , we can infer the P-site position for each of these footprint lengths, which is essential for downstream workflow for ORF identification using RiboTaper (15) . Overall, our protocol significantly improves the 3-nt periodicity compared with previously published Arabidopsis datasets.
Enhancement of 3-nt Periodicity Improves Identification of Translated
ORFs. To identify translated ORFs by taking advantage of the enhanced 3-nt periodicity in our data and to investigate how the periodicity affects ORF identification, we adapted a recently developed pipeline, RiboTaper (15) , to Arabidopsis. RiboTaper uses the multitaper method (29) to determine the significance of 3-nt periodicity in the P-site signals along an ORF. This approach proved to be effective in detecting active translation from Ribo-seq data, yielding a high-confidence set of translated ORFs in the transcriptome (15) . By analyzing the meta-gene plots, we inferred the P-site position of each footprint size in different datasets ( Fig. S4 A-E ) and then created P-site tracks for individual transcripts (Fig. 1B) . Defining the P-site position for individual footprint lengths based on the meta-gene analysis rather than assigning one presumed position for all footprint lengths improved ORF identification (Fig. S6) .
Across different datasets, we observed that deeper sequencing depths result in the identification of more translated ORFs, but once above 50 million mapped reads, the number of ORFs increased only slightly (Fig. 2C ). In addition, compared with the same sequencing depth, datasets with a better periodicity yield a higher number of identified ORFs (Fig. 2 B and C) . For instance, there are over 16,000 ORFs detected in either our root or shoot data, which is substantially higher than in any other dataset (Fig.  2C) . It is possible that our datasets have more identified ORFs simply because there are more genes expressed under our experimental conditions. To test this hypothesis, we examined the fraction of ORFs found among the expressed protein-coding genes, defined by varying RNA expression cutoffs across all datasets under the same sequencing depth (Fig. 2D) . We observed that, under all RNA expression thresholds, our datasets have the highest percentage of ORFs identified among the expressed genes, thus ruling out the possibility that our samples have more identified ORFs due to more expressed genes.
Interestingly, we noticed that the higher the RNA expression levels, the higher the fraction of ORFs found among the expressed genes, suggesting that a transcript with higher expression levels is more likely to have ORFs identified by this method (Fig. 2D ). However, with lower expression cutoffs, more genes are considered expressed and a higher number of ORFs are found among them, despite the lower fraction (Fig. S7 ). For example, using transcripts per million (TPM) > 0.1 as RNA expression cutoff, 21,848 protein-coding genes are considered expressed in either the root or shoot, and among them, 18,148 genes have ORFs identified. This results in a fraction of 83% (18,148/21,848) , which is considerably lower than the fraction using TPM > 5 (12,714/ 13,219 = 96%). Nevertheless, the large number of ORFs identified among the expressed genes in our datasets demonstrates that our approach is robust across different RNA expression levels.
RiboTaper determines de novo the start codon of an ORF by examining the in-frame precision of the P-site positions between candidate AUGs (15) . Therefore, an ORF could be identified with a shorter length, that is, truncated at the 5′ end. Although it is possible that a transcript uses a downstream AUG start site rather than the annotated one, the truncation could result from insufficient sequencing coverage or poor periodicity of a given transcript. We therefore examined the ORF length reported by RiboTaper compared with the annotated ORFs across different datasets (Fig. S8 ). As the sequencing depth increases, we found that datasets with a better periodicity identify ORFs with a higher coverage of the annotated ORF length as seen in our dataset as well as in that of Merchante et al. However, in the datasets with less optimal periodicity, although the number of identified ORFs increases (Fig. 2C) , the average coverage of annotated ORF length decreases (Fig. S8) . Overall, datasets with better periodicity yield higher coverage of the annotated ORF length. Whether the truncated forms of ORFs represent translation events initiated from a downstream AUG remains unclear. Taken together, our datasets with enhanced 3-nt periodicity correlate with a larger number of ORFs identified, a higher sensitivity to identify ORFs among the expressed transcripts, and an improved ORF length coverage compared with other datasets.
Super-resolution Profiles Can Be Used to Annotate Individual Transcripts.
By interrogating the genes annotated in The Arabidopsis Information Resource (TAIR10) (30), we found that over 18,000 genes have translated ORFs identified in our data, including a large number of annotated protein-coding genes (18,153 genes), as well as a small set of noncoding RNAs (ncRNAs) (27 genes), pseudogenes (37 genes), and transposable elements (57 genes) (Table 1 : summary of ORFs identified; Dataset S1 A and B: all ORFs identified by RiboTaper in root and shoot). Among the protein-coding genes, in addition to ORFs identified within the annotated CDSs, 187 upstream ORFs (uORFs) were identified within 5′-UTRs and 10 downstream ORFs (dORFs) were found in the 3′-UTRs (Table 1) . In contrast to the annotated protein-coding sequences (CDS ORFs) that have a wide range of ORF length, most of the unannotated ORFs (except from transposable elements) have a relatively small length ( Fig. S9 A and B): with uORFs being the smallest. Most of the ORFs identified have a high fraction of P sites mapped to the main reading frame (Fig. S9 C-F) . Thus, by taking advantage of the enhanced 3-nt periodicity, we can use ribosome profiling to identify translated ORFs efficiently.
The strong 3-nt periodicity in our data not only allows efficient identification of ORFs by a statistical method but also provides super-resolution translational profiles of individual transcripts across a wide range of expression levels and ORF lengths (Figs. 3-5). Unlike a well-characterized ncRNA, HIDDEN TREA-SURE 1 (HID1) (31), for which the P sites do not show a clear 3-nt periodicity along the transcript (Fig. 3B) , transcripts with translated ORFs have most of the P sites mapped to the main reading frame within the predicted CDSs. This is not only apparent for long and highly expressed transcripts such as TUBULIN 4 (TUB4) (Fig. 3A) but also for short and lowly expressed genes, such as GOLVEN 6 (GLV6; also known as ROOT MERISTEM GROWTH FACTOR 8 or CLE-LIKE2) ( Fig. 3C ) (32) (33) (34) .
To evaluate how sensitive our approach is, we examined our ORF-finding results for known secreted peptide genes and their homologs, which usually have short ORFs and relatively low expression levels. Of the 34 expressed peptide genes with a TPM value greater than 1, we identified translated ORFs in 31 (Dataset S1C: summary; Dataset S1D: a list of known peptide genes with an ORF identified in the root and shoot). We also confirmed translation of two small peptide genes (AT4G28460 and AT4G34600) that were recently identified through a comparative genomics study combining 32 plant genomes (35) (Dataset S1 C and D). These results indicate that our improved ribosome profiling combined with the RiboTaper pipeline is able to find small ORFs even in genes with low expression levels.
Ribosome Profiling Supports Noncanonical Translation Events. Previously, several uORFs that encode conserved peptide sequences (CPuORFs) were found to regulate their downstream main ORFs (36, 37) . There are 89 CPuORFs predicted in Arabidopsis, but only a small number of them have been validated and characterized (36) (37) (38) (39) (40) . Among the predicted CPuORF genes expressed in our data, there are 39 CPuORFs identified by RiboTaper (Dataset S1E: summary, Dataset S1F: a list of CPuORFs identified in the root and shoot). For genes possessing multiple CPuORFs such as SUPPRESSOR OF ACAULIS 51 (SAC51) (41), RiboTaper successfully identified all three of the predicted CPuORFs (CPuORF38, 39, and 40). In addition to CPuORFs, we identified an additional 148 unannotated translated uORFs. Similar to SAC51, which has multiple uORFs in the 5′-UTR, we found an extra uORF upstream of CPuORF51 in the AT3G53670 gene (Fig. 4A) .
By manually inspecting the uORFs, we found that the new uORF identified in AT5G17460 is actually an ORF from an unannotated gene overlapping with the 5′-UTR of AT5G17460 (Fig. 4B ). This unannotated gene is also supported by the EST data ( Fig. S10 ) (42) and is evolutionarily conserved (see below). Therefore, ribosomeprofiling data can fine-tune and improve genome annotation.
Although RiboTaper only searches for "AUG" as the start codon, we wanted to see whether our data can validate predicted ORFs that use a non-AUG start, such as a "CUG" codon (43) . Among the predicted genes, AT3G10985 is highly expressed in our root samples. By visualizing its ribosome profile, we found that, in addition to the annotated CDS, many P sites map to the 5′-UTR in frame with a predicted ORF that starts with a CUG codon (Fig.  3D ). In addition, we confirmed a uORF initiated with a non-AUG codon in GDP-L-GALACTOSE PHOSPHORYLASE (GGP, AT4G26850) in the shoot (Fig. 4C ). This uORF initiates at 14 aa upstream of previously reported "ACG" start (44) in our data. These examples demonstrate our super-resolution ribosomeprofiling data can provide direct experimental support for noncanonical translation events. There are 27,416 protein-coding genes, 394 ncRNAs, 924 pseudogenes, and 3,903 transposable element genes annotated in TAIR10. *Excluding rRNA, tRNA, and snoRNA genes.
† CPuORFs are annotated as protein-coding genes in TAIR10 and were manually grouped into uORFs here.
Translated ORFs Identified in Annotated ncRNAs and Pseudogenes. We identified ORFs translated in transcripts previously thought to be noncoding, including ncRNAs and pseudogenes. In total, we identified 27 translated small ORFs derived from annotated ncRNAs, which we call small ORF1 (sORF1) to sORF31 (Table 1 and Dataset S1G). These sORFs range from 54 to 312 nt ( Fig. S9 A and B). The P sites clearly show a 3-nt periodicity within the identified ORF range (Fig. 5 A-C) . Interestingly, two sORFs identified in AT1G79075 (sORF17) and AT3G12965 (sORF23) encode a peptide sequence identical to five ribosomal L41 proteins in Arabidopsis. Thus, we identified two additional loci of ribosomal L41 genes. To determine whether these sORFs produce stable proteins in planta, we epitope-tagged their coding regions and transformed them into Arabidopsis. To ensure that these transgenes behave similarly to the endogenous genes, we built the constructs using genomic sequences including their native promoter/5′-UTR/introns/ 3′-UTRs, so that the only difference between the transgenes and endogenous genes is the HA tag right before the stop codon in the transgenes (Fig. 5D) . Of the four sORFs we tested (sORF2, sORF12, sORF23, and sORF3), we detected proteins from three of them in root extracts by Western blot (Fig. 5D ). We also found that 37 annotated pseudogenes are actually expressed and translated (Table 1 and Dataset S1H). Mining publicly available proteomics data, four ORFs that we identified in either annotated ncRNAs or pseudogenes also have unique peptides detected by mass spectrometry (Dataset S1I) (45) . The Western blots and the mass spectrometry data not only support the translation of these unannotated ORFs but also demonstrate that some of the ORFs produce stable proteins in plants.
Many unannotated ORFs Identified Are Evolutionarily Conserved. If the unannotated ORFs we identified encode functionally important proteins, we expect their homologs to be conserved in other plant genomes. We surveyed 15 other plant genomes, including 6 from Brassicaceae and 9 from other major lineages: eudicots (asterids and rosids), monocots, Amborella (the earliest diverging flowering plant), and Selaginella (a lycophyte). We used tBLASTn to search against whole-genome assemblies, and because pseudogenes could be a truncated form of other genes, we excluded ORFs that have more than 50 hits from the downstream analysis. After obtaining BLAST hits, we aligned all homolog sequences together to confirm they have similar protein sequences and similar start/stop positions ( Fig. 6 and stringency described in SI Materials and Methods; all alignments are available in the Dryad Digital Repository).
For translated ORFs identified in the annotated ncRNAs or the unannotated gene mentioned above (Fig. 4B) , we found 15 of the 19 single-exon ORFs have at least one homolog outside of Arabidopsis thaliana (Fig. 7) . These ORFs can be further classified into six groups: (I) homologs only found in Arabidopsis lyrata; (II) homologs in multiple species within Brassicaceae; (III) homologs in other eudicots besides Brassicaceae; (IV) homologs in eudicots and Amborella trichocarpa, but not in monocots; (V) homologs in almost all flowering plants examined; and (VI) homologs in almost all plants examined including Selaginella. For translated ORFs identified in pseudogenes, some also have homologs in multiple Brassicaceae species, and some have homologs in almost all plants examined (Fig. S11) . The total number of homologs found for each unannotated ORF is summarized in Dataset S1 J and K. Taken together, many of the unannotated ORFs are present and conserved in diverse plant lineages, as distant as Amborella and Selaginella, which diverged from A. thaliana over 200 and 445 million years ago, respectively (46) . These findings indicate that these unannotated ORFs likely produce functionally important proteins.
Discussion
Ribosome profiling is a powerful technique providing precise information about translation in vivo. The resolution of Ribo-seq determines the amount of information that can be extracted, especially when identifying translated ORFs. Our datasets from Arabidopsis root and shoot display a super resolution even in individual transcripts. Compared with three published methods for Arabidopsis (Table S1 ), our protocol requires fewer starting materials and fewer sample processing steps, and yields dramatically better resolution. The key to obtaining precise footprints is complete digestion of unprotected portions of RNA. Judging the levels of digestion based on conversion of polysomes to monosomes within a polysome profile does not appear to be a reliable indication of complete digestion (26) . By contrast, judging sharpness of RNA bands around 28 nt in a denaturing gel is a good indicator of complete digestion (27) . Consistent with ionic strength being an important determinant of footprint precision in mammalian cell and human cytomegalovirus ribosome profiling (3, 5), we found ionic strength/buffering capacity in the extraction buffer had profound effects on footprint periodicity in Arabidopsis. With an optimized low ionic strength/buffering capacity extraction buffer, our protocol yielded a substantial improvement in Ribo-seq resolution compared with other methods in Arabidopsis. The resolution of our data are also among the best for all organisms.
Previous bioinformatics studies reported that ∼35% of Arabidopsis genes have at least one uORF (47, 48) , and therefore over 9,000 uORF-containing genes would be expected in TAIR10. However, how many of these predicted uORFs are actually translated was an open question. Liu et al. (25) found 1,996 genes have at least one Ribo-seq read within predicted uORFs. Using RiboTaper, we identified 187 uORFs translated among 18,745 expressed genes (TPM > 1) in our data. Because RiboTaper examines 3-nt periodicity along the potential uORF, it is possible that some translated uORFs were missed due to their short length, insufficient sequencing coverage potentially due to low expression levels, or because they overlapped with other uORFs. Although the number of uORFs identified might be an underestimate, those identified are of high confidence. For example, our list includes 44% of the predicted CPuORFs, several of which are known to play an important role in regulating downstream main ORFs involved in diverse functions in plants (36) .
Perhaps of greatest interest is the identification of small translated ORFs within annotated ncRNAs. Because computational approaches typically exclude ORFs that are less than 100 aa (49, 50) , small proteins are likely missed, and their transcripts may be classified as ncRNAs (51, 52) . As shown by Western blot and mass spectrometry, at least some of the small ORFs we identified produce stable proteins. Evolutionary conservation further suggests that many of these unannotated ORFs encode functionally important proteins. Even species-specific ORFs might play an important role (52) , as translation can have essential regulatory functions in addition to producing stable proteins (53, 54) . Recently, several peptides derived from annotated ncRNAs were found to play important roles in signaling and development, such as Toddler in zebrafish embryo development (55) and DWORF in heart muscle contraction (56) . How the sORFs we identified function in plants requires further investigation. Although RiboTaper only searches for AUG start codons, our super-resolution ribosome-profiling data also provide an invaluable resource to study noncanonical start codons and alternative start sites. The data may also be useful for characterizing translation of different transcript isoforms. With its high sensitivity for identification of translated ORFs and its quantitative nature, ribosome profiling can also serve as a proxy for the proteome or assist proteomics studies (57) (58) (59) . Finally, as the Arabidopsis genome is among the best annotated, we expect ribosome profiling will be an even more powerful approach to uncovering novel ORFs and improving genome annotation when applied to less well-characterized organisms.
Materials and Methods
Detailed information on materials and methods used in this study is provided in SI Materials and Methods.
Plant Materials and Growth Conditions. Arabidopsis seeds were surface sterilized, imbibed at 4°C for 2 d, and grown hydroponically with sterile liquid media (2.15 g/L Murashige and Skoog salt, 1% sucrose, 0.5 g/L MES, pH 5.7) and shaken at 85 rpm under 16-h light and 8-h dark at 22°C.
Ribo-seq and RNA-seq Library Construction. Detailed procedures are provided in SI Materials and Methods. Four polysome extraction buffers were tested (Fig. S1) , and buffer D was used to extract three biological replicates of 4-d-old root and shoot samples. Polysomes were extracted from 0.1 g of root or shoot pulverized tissue with buffer D [100 mM Tris·HCl (pH 8), 40 mM KCl, 20 mM MgCl 2 , 2% polyoxyethylene (10) tridecyl ether (v/v), 1% deoxycholic acid (w/v), 1 mM DTT, 100 μg/mL cycloheximide, and 10 unit/mL DNase I]. The nuclease digestion was performed at 23°C for 1 h. Ribosomes were isolated by size exclusion columns (illustra MicroSpin S-400 HR Columns; GE Healthcare). After RNA isolation and rRNA depletion, footprints from 28 to 30 nt separated by a denaturing gel were recovered. Ribo-seq and RNA-seq libraries were constructed using the ARTseq/ TruSeq Ribo Profile Kit (illumina). The libraries were barcoded and pooled for single-end 50-bp sequencing in a HiSeq 2000 or 2500 machine.
Ribo-seq and RNA-seq Data Analysis. Quality filtering and adaptor clipping were performed by FASTX_toolkit (60) . The rRNA, tRNA, and snoRNA sequences were removed in Ribo-seq data using bowtie2 (61) . Mapping to the Arabidopsis genome [TAIR10 (30) ] was carried out by STAR (62) . Statistical presentations of the data were plotted in R using various R packages. TPM values were determined by RSEM (63) . de novo ORF finding was performed by RiboTaper (15).
Western Blotting. C-terminus HA-tagging constructs were built by Gibson assembly (64) and transformed into Col-0 plants. Total proteins were extracted from root of 4-d-old Col-0 and T4 transgenic plants. Protein samples were analyzed by immunoblotting, using anti-HA antibody or anti-UGPase antibody followed by a secondary antibody conjugated to HRP.
BLAST and Sequence Alignment. tBLASTn (65) was performed in 15 plant genomes. Multiple sequence alignments for each ORF and its homologs were constructed.
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Ribosome Footprints. To test the effect of buffer compositions on footprint precision, around 1,500 Col-0 seeds per sample were grown as described above. Shoots and roots of 4-d-old seedlings (postimbibition) were harvested at ZT3 (3 h after light on), and immediately frozen in liquid nitrogen. The time between cutting plants and freezing samples was under 1 min. Samples were pulverized with liquid nitrogen using a mortar and pestle. Approximately 0.1 g of root or 0.15 g of shoot frozen powder was resuspended in 0.6 or 1.2 mL (respectively) of ice-cold extraction buffer A, B, C, or D, as described above. Root and shoot lysates from the four buffers were used to generate Ribo-seq libraries (see below) to evaluate the quality of ribosome footprints.
Buffer D was selected and used to extract another three biological replicates of root and shoot samples. Four-day-old Col-0 plants were grown and harvested under the same conditions described above. About 0.1 g of root or shoot pulverized tissue was resuspended in 300 or 400 μL of ice-cold extraction buffer D, respectively. The lysate was vortex-mixed until homogenized and incubated on ice for 10 min using a rocking shaker. The shoot lysate was first spun at 3,000 × g at 4°C for 3 min to remove the bulk cell debris. Both root and shoot lysates were clarified by spinning at 20,000 × g at 4°C for 10 min. RNA concentrations in the supernatant were determined by a Qubit RNA HS assay (Thermo Fisher Scientific; Q32852), and samples from the same tissue were diluted to the same RNA concentration. Aliquots (50 and 200 μL) from each supernatant were generated. A 50-μL aliquot of supernatant was used to extract total RNA for constructing RNA-seq libraries (see below). A 200-μL aliquot of supernatant was treated with nuclease provided by the ARTseq/TruSeq Mammalian Ribo Profile Kit (illumina). Root and shoot lysates were treated with 32 and 17.5 units of nuclease per 40 μg of RNA, respectively, and the digestion was performed at 23°C with gentle mixing on a nutator mixer for an hour. The amount of nuclease needed was empirically determined by evaluating the sharpness of RNA bands between 28 and 30 nt on a 15% (wt/vol) TBE-Urea PAGE (Thermo Fisher Scientific; EC68852BOX), as recommended by the ARTseq/TruSeq Ribo Profile Kit manual and ref. 27 . Nuclease digestion was stopped by adding 15 μL of SUPERase-in (Thermo Fisher Scientific; AM2696). Size exclusion columns (illustra MicroSpin S-400 HR Columns; GE Healthcare; catalog no. 27-5140-01) were equilibrated with 3 mL of polysome buffer [containing the same composition of Tris·HCl (pH 8), KCl, and MgCl 2 in polysome extraction buffer described above] by gravity flow and spun at 600 × g for 4 min. Ribosomes were isolated by applying digested lysate immediately onto the prepared size exclusion columns above (100 μL of lysate per column) and spinning them at 600 × g for 2 min. Next, 10 μL 10% (wt/vol) SDS was added to the elution, and RNA with a size greater than 17 nt was isolated according to the Zymo RNA clean and concentrator kit (Zymo Research; R1017). After checking digestion quality, RNA with a size less than 200 nt was isolated according to the Zymo RNA clean and concentrator kit (Zymo Research; R1015). rRNA was depleted using the Ribo-Zero plant leaf kit (illumina; MRZPL1224) according to the ARTseq/TruSeq Ribo Profile Kit manual. After rRNA depletion, purified RNA was separated by 15% (wt/vol) TBE-urea PAGE (Thermo Fisher Scientific; EC68852BOX), and gel slices from 28 to 30 nt were excised. Ribosome footprints were recovered from the excised gel slices following the overnight elution method specified in the kit manual.
Library Construction and Sequencing. After obtaining ribosome footprints above, Ribo-seq libraries were constructed according to ARTseq/TruSeq Ribo Profile Kit manual and amplified by 13 cycles of PCR with a barcode incorporated in the primer. The PCR products were gel purified using the overnight method described by Ingolia et al. (3) . Equal molarity of the libraries was pooled for single-end 50-bp sequencing in a HiSeq 2000 or 2500 machine.
For RNA-seq, a 50-μL aliquot of supernatant as described above was used to extract total RNA by adding 5 μL of 10% (wt/vol) SDS followed by purification using the Zymo RNA clean and concentrator kit (Zymo Research; R1017). The concentration of purified RNA was quantified using a Qubit HS RNA assay (Thermo Fisher Scientific; Q32852). Then, 5 μg of total RNA were subjected to rRNA depletion using Ribo-Zero plant leaf kit (illumina; MRZPL1224) following the manufacturer's instructions. The rRNA-depleted RNA was used to construct sequencing libraries using the ARTseq/TruSeq Ribo Profile Kit (illumina). The circularized cDNA was amplified by 11 cycles of PCR and gel purified using the same procedure for the Ribo-seq libraries described above. Libraries were barcoded, pooled, and sequenced in a HiSeq 2500 machine (single-end 50 bp).
Ribo-seq and RNA-seq Data Analysis. The raw data were first subjected to quality filtering by FASTX_toolkit (60) (parameter: -q 20 -p 85) to remove low-quality reads. Then the adaptor sequence (AGATCGGAAGAGCACACGTCT) was removed using FASTX_ clipper [included in FASTX_toolkit (60)]. For Ribo-seq reads, only the clipped reads were kept for downstream analysis. After adaptor removal, the remaining Ribo-seq reads were searched for expected contaminant RNA sequences in Arabidopsis, including rRNA, tRNA, and snoRNA sequences, using bowtie2 (61) (parameter: -L 20). The unaligned reads were then mapped to the Arabidopsis genome using TAIR10.29 reference (30) using the split-aware aligner STAR, version 2.5.1b (62) , allowing up to three mismatches and a maximum of 20 multimapping positions. Although allowing three mismatches increased by ∼1% the number of multimapping reads among the total mapped reads compared with two mismatches (Dataset S1O), we reasoned this was a small trade-off for potentially improving read coverage on individual transcripts, so we chose to allow three mismatches for STAR mapping. The best position for multimapping reads was chosen by STAR with these options "-outSAMmultNmax 1-outMultimapperOrder Random," which randomly selects one alignment over all of the possible best scoring alignments. (25) (26) (27) were downloaded and processed using the same procedures described above. The sequencing summary of each dataset is provided in Dataset S1N. Replicates of the same tissue in each dataset were pooled for analysis to achieve high coverage, unless otherwise specified.
Several steps of analysis, including calculating correlation among the replicates, assigning reads to genomic features (5′-UTR, CDS, 3′-UTR, introns, and intergenic regions), meta-gene analysis over start/stop codons (6, 13) defined by TAIR10 protein-coding genes, and statistical presentation of the data were performed and plotted in R, version 3.2.3, using various R packages including corrplot (67); genomation (68); GenomicRanges, GenomicFeatures, and GenomicAlignments (69); vioplot (70); and pheatmap (71) . Because not all of the datasets to which we compared our results used a strand-specific library construction method and some of the datasets were generated with different mRNA enrichment methods for RNA-seq, TPM values for RNA-seq data on protein-coding genes only were determined by RSEM, version 1.2.11, using a non-strand-specific parameter (63) . For comparison with the same sequencing depth among the datasets (Fig. 2D) , 25 million reads were randomly sampled from each Ribo-seq dataset using inhouse scripts.
The P-site positions for each footprint length in the different datasets were inferred from the ribosome footprint meta-gene analysis (Fig. S4 A-E ) and used to create data tracks, calculate coverage, and perform de novo ORF finding in RiboTaper, version 1.3, using the default cutoff value of P < 0.05 (15) . Footprint lengths/offsets to P-site positions for each dataset are listed in Dataset S1L. The RiboTaper filtered output files (when greater than 30% of Ribo-seq coverage comes from multimapping reads only, the ORF was filtered out) are included in Dataset S1A (root) and Dataset S1B (shoot). We used the first nucleotide of the P site to plot the Ribo-seq data in individual transcripts (Figs. 3-5) .
Sequencing data have been deposited in GEO under accession numbers GSE81295 and GSE GSE81332.
Generating HA-Tagged Transgenic Plants. Carboxyl-terminus HAtagging constructs for AT1G11185, AT1G31935, AT3G12965, fragment (including 1,009-, 520-, 3,376 -, 404-bp native promoter, and entire gene sequences before predicted stop codon) and (ii) stop codon/native 3′-UTR of the four genes-were PCR amplified and assembled into pJHA212B vector (73) with a Rbcs terminator (a gift from Meng Chen, University of California, Riverside, CA). The HA tag sequence (TACCCATACGATGTTCCAGATTACGCT) was incorporated into the primers. Primer sequences used for each construct are listed in Dataset S1M. The constructs were transformed into Col-0 plants using the floral dipping method (74) . Homozygous singleinsertion transformants were selected based on BASTA resistance in T2 and T3 plants.
Western Blotting. About 1,500 seeds of Col-0 and T4 transgenic plants (AT1G11185::HA, AT1G31935:HA, AT3G12965:HA, and AT3G27884:HA) were surface sterilized and grown in a hydroponic system described above. Roots of 4-d-old seedlings were harvested at ZT3 (3 h after light on) and immediately frozen in liquid nitrogen. Tissues were pulverized with liquid nitrogen using a mortar and pestle. Total proteins were extracted as described in Silverstone et al. (75) with minor modifications. The pulverized tissues were resuspended in 450 μL of lysis buffer [4% (wt/vol) SDS, 25 mM Tris (pH 8.8), 2.5% (vol/vol) glycerol] and vortexed until homogenized. The lysates were boiled at 95°C for 5 min and then spun at 13,000 × g for 5 min. The supernatants were transferred to new microtubes, and protein concentrations were determined by a DC Protein Assay (Bio-Rad; 5000112). About 70 μg of protein were separated in 16% (wt/vol) TrisTricine PAGE (Invitrogen; EC6695BOX) and transferred to a 0.2-μm nitrocellulose membrane. The blot was cut in half at around 28 kDa as indicated by a protein ladder (the bottom half of the blot was used for detection of the HA-tagged protein; the top half of the blot was used for detection of a control protein, UGPase). Blots were first blocked by 5% (wt/vol) nonfat milk in TBST solution (TBS with 0.05% Tween 20) for 1 h at room temperature, and then incubated with 1:500 anti-HA antibody (monoclone; raised in rat; Roche; 3F10; 11867423001) or 1:10,000 anti-UGPase antibody (raised in rabbit; Agrisera; AS05-086) in 5% (wt/vol) nonfat milk-TBST at 4°C overnight with gentle shaking. After the blots were washed with TBST six times, for 5 min each, they were incubated with 1:2,000 anti-rat HRP-conjugated antibody (Santa Cruz Biotechnology; sc-2032) or 1:500 anti-rabbit HRP-conjugated antibody (Pierce; 32460) for 1 h. The blots were then washed again with TBST six times, for 5 min each. ECL Prime Western Blotting Detection Reagent (GE Healthcare; RPN2232) was applied to generate chemiluminescence. Signals were detected by an X-ray film (Thermo Fisher Scientific; 34093). For detection of AT3G12965:HA proteins, 5% (wt/vol) nonfat milk was replaced by 1% nonfat milk.
BLAST and Sequence Alignment. Whole-genome assemblies of 15 selected species (Fig. 7) were downloaded from Phytozome, version 11.0 (76). To search for homologs in these genomes, we used tBLASTn (65) with the E value set to 0.1. Hits were retained if they met the following criteria: (i) the hit-query BLAST alignment must cover at least 30% of the query protein sequence; and (ii) a complete ORF, from start to stop codon, must be present and its length not be longer than the query by 120 aa. For each unannotated ORF and its homologs, we reconstructed multiple sequence alignments using MUSCLE (77) and visualized them in AliView (78) to manually validate the alignments. Pairwise sequence identities were calculated from the alignments by a custom Python script. All of the alignments and the Python script have been deposited in the Dryad Digital Repository (dx. doi.org/10.5061/dryad.m8jr7). (28 nt) in the max reading frame for root and shoot samples extracted using the four polysome extraction buffers. (E) Correlation of Ribo-seq read counts on the CDS of individual nuclear-encoded protein-coding genes among root and shoot samples prepared using the four polysome extraction buffers. (27) . Number of ORFs identified using the P sites described in these publications or those inferred by our meta-gene analysis were compared. The meta-gene analysis allowing for better P-site definition resulted in a greater number of ORFs identified. (C and D) Percentage of P sites in the main reading frame in the ORFs identified among annotated protein-coding genes in root (C) or shoot (D). The plot was generated using default density function in R for kernel density estimation. (E and F) Percentage of P sites in the main reading frame in translated ORFs identified among transcripts that were not annotated as coding in root (E) or shoot (F). 
